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Abstract— In Indonesia, one of the causes of the high cost of 
fuel in the shipping industry is theft and misuse of fuel. This 
happened because ship management center unable to monitor 
all the activities of the ship when the ship sailing in the middle 
of the ocean. Lately, ship monitoring through the latest 
technology are being carried out, one of which is the Machine to 
Machine (M2M) based Vessel Monitoring System (VMS) 
technology. The development of VMS and telemetry technology 
has enabled monitoring of engines and fuel consumption of ships 
in real time. The problem with this VMS system is that there is 
still a dependency on the analysis of experts who need a long 
time to analyze various parameters of existing telemetry data, 
which lead to inaccuracy and delay in anomaly detection. This 
study conducted a statistical analysis of telemetry data, 
especially in ship movement and machine activities, and then 
designed the fuel consumption regularity classification system 
with the Naive Bayes and Logistics Regression. Naive Bayes 
method was chosen because it can produce maximum accuracy 
with little training data, and Logistics Regression was chosen for 
its simplicity and excellent results in prediction of numerical and 
discrete data. The results of this study indicate that telemetry 
data from the VMS system can be used to detect irregularities 
in Fuel consumption. Tested with selected data, Naive Bayes 
classification accuracy in irregularities detection is up to 92% 
while logistic regression is up to 96%.  
Keywords: Vessel Monitoring System, Machine Learning, 
Naive Bayes, Regresi logistik, GPS, M2M  
I. INTRODUCTION
According to the World Shipping Council report, the cost 
factor for the needs of Fuel oil (FUEL) in the shipping industry 
reaches 50% -60% of the total cost of ship operational costs 
[1]. The large portion of the cost of Fuel makes the Fuel 
efficiency efforts a strategic step that must be carried out by 
shipping management [2]. Energy Technology Institute (ETI) 
states that a 30% savings in Fuel costs should be achieved by 
implementing various technologies with a 2-year payback 
period [3]. 
In Indonesia, the major causes of high fuel cost are theft 
and misuse of fuel [4] which often occurs in the middle of the 
ocean [5]. This can happen because when in the middle of the 
ocean, all the activities of the ship cannot be monitored by the 
ship management operational center. Various legal efforts 
have been carried out to prevent this incident but incident after 
incident still occurs in various locations in Indonesia [6][7]. In 
2018, the Government of Indonesia through the Ministry of 
Transportation of the Republic of Indonesia has also issued an 
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obligation to report fuel usage on Indonesian-flagged vessels 
[8]. 
In addition to legal actions, efforts to monitor ships 
through the latest technology are also being carried out. The 
ship's telemetry system with satellite-based Machine to 
Machine (M2M) technology as well as Automatic 
Identification System (AIS) in recent years is quite attractive 
and proven for vessel monitoring. 
Furthermore, the development of VMS and telemetry 
technology has also enabled a system to monitor engine 
conditions and use fuel online and in real time. By adding Fuel 
consumption measurement devices, it is expected to increase 
the speed of coordination and handling in the field. Speed in 
knowing the existence of this anomaly is very important, 
because the process of oil theft is often done in a short time. 
Illegal tapping of oil land pipelines only takes 15 minutes for 
2000 liters (2 tons) of fuel [4], while at sea it takes around 5 
hours to move 12 tons of fuel [9], or around 2.4 tons per hour 
to just a ship. 
Assuming the price of fuel (diesel-oil) is IDR 10,000 / 
liter, then 1-hour delay in anomaly or anomaly handling has a 
potential loss of IDR 24,000,000 for one vessel per day, or 
IDR 720,000,000 per vessel per month.  
The problem with the VMS telemetry system is that there 
are many factors that must be considered to assess the fairness 
of a ship's fuel consumption; engine operation, ship 
specifications, travel routes, loads, weather, and history of the 
ship's fuel consumption. Meanwhile, at this time there is no 
decision support system that helps the calculation and analysis 
of these problems, so that the analysis process is carried out 
manually by on-duty officer. With the increasing number and 
types of vessels that must be monitored, where each has 
different characteristics, resulting in reduced accuracy and 
speed in carrying out the analysis. 
It is necessary to monitor and analyze the vessel condition 
continuously, in real-time, by means of limited vessel data 
measurement parameters. This research expected to make it 
easier for shipping management that have many ships to 
be monitored at once. While anomaly detection of 
vessel movement using telemetry data is possible [10], 
anomaly detection of fuel consumption using telemetry data, 
especially in Indonesian case, still need more research.  
Based on the above conditions, this research was carried 
out by conducting a statistical analysis of telemetry data, 
determining the coefficient of ship movements, and designing 
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the fuel usage consumption anomaly detection system with the 
Naive Bayes method and Logistics Regression. Both of these 
methods are chosen because they can provide good results for 
predicting numerical and discrete data.  
II. VESSEL PROPULSION SYSTEM AND VESSEL
MONITORING SYSTEM 
A. Ship Propulsion
Before analyze fuel consumption pattern, it is important
to understand the configuration of a basic marine propulsion 
system. When operating at sea, a ship must have the ability to 
maintain service and working speed. This means that the ship 
must have a propulsion system that can overcome the overall 
drag force (total resistance), so that the ship can still go 
according to the standard speed of service. 
In general, the propulsion system consists of 3 main 
components, namely: Main Engine (M/E), transmission 
system (Gear Box), and propellers, as illustrated in Figure 1 
Vessel engines model representation. Diesel engines are 
commonly used as prime movers (main engines) to rotate 
propellers that allows the ship to move and maneuver. 
Smaller sets of diesel engine also used as electric generator 
called as Diesel Generator Set (D/G). This research is focused 
in fuel consumption of main engine only. 
Figure 1 Vessel engines model representation. 
B. Vessel Monitoring System
Vessel Monitoring System (VMS) is a general definition 
for a system capable of sending information from vessels 
(ships) in the ocean to the ground control center through a 
certain telecommunications system. A typical Vessel 
Monitoring System diagram equipped with a telemetry 
system is shown in Figure 2. 
Figure 2 Diagram of a typical Vessel Monitoring System. 
In this study, a fuel consumption anomaly detection 
system will be developed based on the data received from a 
VMS equipped with fuel monitoring sensors. The telemetry 
system installed and used in this study sends data periodically 
from the ship to an application server, where the data is then 
stored in the form of a database, as shown in Figure 3.  
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Figure 3 VMS telemetry diagram in existing system. 
Data from VMS then stored sequentially (chronologically) 
according to the time of arrival (historically) so that it can be 
retrieved by data processing applications or VMS applications 
that are tailored to the needs of the vessel management. 
In the installed system, data received from the telemetry 
system is displayed through the GUI application which will 
then be read by the operator and shipping experts. As shown 
in Figure 3, these experts will provide an analysis of whether 
fuel consumption is in normal condition or show an anomaly. 
C. Sensor and Data Acquisition Unit (DAU)
DAU is a unit whose task is to read, process, collect and 
transmit telemetry data. These data are taken through sensors 
or reading data from GPS for location and movement 
parameters of the ship. 
The components of the Data Acquisition Unit are: 
• GPS Receiver, functions to capture GPS signals and
get information about the location and movement of the
ship.
• Engine shaft rotation sensor which serves to read the
engine rotation speed or propeller on the ship. The
sensor used is a Proximity type sensor.
• Fuel flowmeter used to measure the amount of Fuel
consumed by the main engines.
In large diesel engines, there are two types of fuel flow 
pipes, namely the inlet (fuel Inlet) and the outflow (Fuel 
Overflow). This Fuel flow diagram is shown in Figure 4.  
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Return
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Figure 4 Diagram of fuel flowmeters installation on a diesel engine. 
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III. METHODS 
To detect any anomaly in vessel’s fuel consumption, a 
design for an anomaly detection system was developed to 
analyze incoming data and then classifies it into normal or 
anomaly data. 
Previous research [11] has shown that vessel fuel 
consumption could be predicted using statistical method. 
Chaal [12]  also shows the applicability of black box models 
to predict vessel performance fuel consumption in different 
ship and weather conditions. Both research ( [11] and [12]), 
use on board data logger to get high speed and multiple vessel 
parameters. The vessel in this study only equipped with low 
speed VMS (1 dataset per 30 minutes), and only limited set of 
vessel parameters.  
The anomaly detection diagram, as shown in Figure 5, 
designed as an additional feature to the existing VMS system. 
In this diagram, the telemetry VMS system marked in blue, 
while the proposed detection system marked in yellow. 
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Figure 5 Proposed fuel consumption anomaly detection system. 
A. Data Preparation
Data preparation stage is the process of retrieving raw data
(primary data) from the VMS system, then calculates the 
secondary (derived data). Primary data from VMS are 
location, fuel meter reading, engine speed, direction, and 
timestamp. While secondary data are data calculated from 
Primary data, such as distance, average speed, and rotation.  
The telemetry system acquires data from sensors and then 
periodically transmits those data to the VMS Application 
Server. As illustrated in Figure 6, a vessel moves from point 
A to B to C, and the VMS sends data with timestamp t1, t2, 
and t3 for each location respectively. If time between data 
transmission (dt) is long enough, then the calculated distance 
will not capture the actual distance of Vessel.  
A
B
C
Actual
At1
B
C
Telemetry
t1 t2 t3
dt dt
Figure 6 Telemetry of a moving object 
In this research, its assumed that vessel always moves in 
direct line between each data transmission point (Figure 6).  
B. Preprocessing
Before it can be used for the training process, the selected
data needs initial processing or pre-processing which aims to 
get a set of clean and good data. The input data for this process 
is raw data from the telemetry system that can be obtained 
from stage A (Data Preparation). The flow chart of the pre-
processing stage is shown in 7.  
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(Invalid data removal)
Raw Data
Input
Output Data
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Finish
Feature Completeness
Check
Duplicate
Check
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Figure 7 Preprocessing flowchart 
C. Data Labelling
Before starting to label data, parameters must be set in
advance that will be used by experts in giving the label. 
The definition of normal/anomaly to in this study are 
limited to the following conditions: 
1. Consumption of fuel
a. Compared to the difference in time (fuel consumption
rate)
b. Fuel consumption of engine shaft rotation (in RPM).
c. Fuel consumption compared to ship displacement
d. Fuel consumption of a machine compared to other fuel
engine consumption.
2. Indications of sensor failure
3. Indications of communication failure
For the uniformity of labelling, the reference used in 
Table 1 is used. 
TABLE 1 DATA LABELLING REFERENCE TABLE
Label Normal 
Value 
Anomaly 
value 
L1 ME1 Fuel 1 normal 1 0 
L2 ME2 Fuel 2 normal 1 0 
L3 Sensor 1 normal 1 0 
L4 Sensor 2 normal 1 0 
L5 Communication 
normal  
1 0 
Lsys System Normal 1 0 
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D. Training
As stated in the previous chapter, this research attempts to 
create a fuel consumption anomaly classification system 
based on data from a limited telemetry system. Limited is 
meant in terms of the type of parameters, number of sensors, 
and frequency of data retrieval. 
A simplified model of fuel conversion to vessel movement 
shows the important steps and parameters that can be obtained 
from the telemetry system, as shown in Figure 8.  
PropellerFuel
Diesel 
Engine
Vessel 
Movement
• Moving Distance
• Speed
• Rotation/Maneuver
• Longitude/Lattitude
• RPM• Liter • SFoC 
• RPM
Figure 8 Simplified model of fuel to vessel movement conversion. 
In this study, the algorithm used are logistic regression and 
Naive Bayes. The reasons for choosing these algorithms are 
as follows: 
Logistic regression is the classification method that is most 
widely used for binary classification [2] because its ability to 
provide good results for prediction of numerical and discrete 
data [3]. 
Naïve Bayes is one classification method that uses 
evidence explicitly, making it easier to trace the classification 
results [4]. 
The Naive Bayes method and logistic regression can be 
used to classify features in the form of numerical data, but 
basically this method is for data with a limited category 
(categorical data). In this study, a comparison between 
training and classification was carried out using numerical 
data and with data that was categorized. 
Because the classification carried out is binary 
classification, the output conditions can be displayed in the 
form of configuration matrix as in Table 2. 
TABLE 2 CONFUSSION MATRIX
Confussion Matrix 
Classification 
Anomaly 
(0) 
Normal 
(1) 
Actual 
Anomaly 
(0) 
True Negative 
(TN) 
False Negative 
(FN) 
Normal 
(1) 
False Positive 
(FP) 
True Positive 
(TP) 
From the confussion matrix, performance parameters can 
be calculated, namely 
• Accuracy = (Amount classified correctly) / (Total
data amount) = (True Positive + True Negative) /
(Total data)
• Recall = (True Positive) / (Amount of Negative
Classification) = (True Positive) / (True Positive
+ False Negative)
• Precision = (True Positive) / (Amount of Positive
Classification) = (True Positive) / (True Positive
+ False Positive)
• F1 Score = 2 x (Precision x Recall) / (Precision +
Recall)
E. Condition Classification
Condition classification is done by passing data from the 
telemetry system to the Condition Classifier, so that the output 
can be obtained in the form of regularity status of fuel 
consumption.  
IV. PROCESS AND ANALYSIS
A. Data Selection
In this study, data from a ship that has been installed with
a VMS system is used and is active. Active means are as 
follows: 
• The ship is in a routine operating condition during the
data collection period, not in the condition of maintenance at 
the dockyard (docking) 
• The telemetry system is in good condition and active,
where there are no major disturbances in the data collection 
modules and data delivery systems. 
For the purposes of this research, we use data from a vessel 
which is already equipped with an active VMS. In this paper, 
this vessel is referred as Vessel A. Vessel A is an Anchor 
Handling Tug Supply (AHTS) type vessel.  
TABLE 3 SPECIFICATION OF RESEARCH OBJECT: VESSEL A
Name Vessel A 
Vessel Type AHTS (Anchor Handling Tug 
Supply) 
Main Engine 2 unit 
Auxiliary Engine 3 unit 
Gross Tonnage 1302 ton 
Deadweight 1400 ton 
Breadth 15m 
Engine Type Wartsila 
Engine model 2 x 6L26A 
Engine Power 2 x 2040 (4080 KW) 
Year of build 2002 
As shown in Table 3, Vessel A has 2 main engines and 3 
auxiliary engines. This ship operates in the sea area of East 
Kalimantan, in the area of operations in an area about 3040 
kms from the coast. 
As mentioned before, Vessel A is already equipped with 
a VMS with fuel data telemetry. Sensor configuration of 
VMS in Vessel A is shown in Figure 9. Each main engine 
(ME) of Vessel A is equipped with 2 fuel flowmeters and 1 
engine speed sensor.  
Figure 9 Flowmeters configuration in Vessel A 
Proc. EECSI 2019 - Bandung, Indonesia, 18-20 Sept 2019
131
The operation area of Vessel A is Makassar Strait, near 
East Kalimantan, Indonesia. This research only select data 
where vessel located in it’s operation area. Map with plot of 
all location data of Vessel A is shown in Figure 10.  
Figure 10 Operational area of Vessel A during data collection 
indicated by red marker (Makassar Strait, East Kalimantan) 
The operating condition of vessel A are indicated by the 
operation of the main engine. In figure 11, engine propeller’s 
speed (rpm1 and rpm2) plotted to date during data collection. 
Blue markers in figure 11 are for M/E #1 and red markers are 
for M/E #2.  
Figure 11 Vessel activity indicated by engine’s rotation (RPMs). 
B. Preprocessing
After calculation of secondary data (distance, speed, fuel
consumption rate), the distribution of each parameter is
also carried out.
After one statistical test carried out was an examination of 
the correlation of statistical distribution between all 
parameters with the use of fuel, for example between the 
RPM and FUEL_ME1 parameters shown in Figure 12 and 
Figure 13. 
Figure 12 Plotting of fuel consumption rate vs engine RPMs of 
M/E# 1 
From Figure 12, it can be seen that the consumption of fuel 
is only at 0 RPM, 500 RPM and 1000 RPM. 
Figure 13 Plotting of fuel consumption vs engine RPMs of M/E#2 
In Figure 13, it can be seen that the consumption of fuel is 
highly distributed at 0 RPM and 1000 RPM, while 500 RPM 
rotation has a small probability. 
The results of these probability distribution are then used 
for the distribution of numerical data categories.  
C. Correlation Test
Before training, the selection of the most influential or 
correlated features was carried out. The results of the Pearson 
correlation test on M/E#1 are shown in Figure 14, while the 
correlation test for M/E#2 is shown in Figure 15.
Figure 14 Pearson Correlation of Engine 1 parameters. 
Based on the results of the Pearson coefficient correlation 
above, the parameters that will be used for training for ME # 
1 are listed in Table 4.  
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TABLE 4 PARAMETERS WITH PEARSON CORRELATION 
GREATER THAN 0.2
Parameter Correlation Coefficient 
RPM1 0.600 
speed 0.463 
calc_distance 0.687 
longitude 0.301 
delta_waktu 0.241 
Figure 15 Pearson Correlation table of Engine 2 parameters. 
The correlation results of the Pearson coefficient for 
M/E # 2 turned out to be different from the parameters in M/E 
# 1. Parameters with a correlation coefficient of more than 0.2 
are shown in Table 5. 
TABLE 5 PARAMETERS WITH PEARSON CORRELATION 
GREATER THAN 0.2
Parameter Pearson Coefficient 
delta_waktu 0.738 
speed 0.377 
calc_distance 0.829 
Lng 0.232 
RPM2 0.408 
D. Data Labelling
After secondary data is calculated, the labeling process 
can be done manually by experts. To fill in the label 
correctly, it is very important to pay attention to the previous 
statistical data, including the correlation chart of RPM with 
FUEL, the distribution of the probability of RPM, and also 
the coefficient of movement of the other vessels. 
An example is shown in Figure 16, where the fuel 
consumption rate suddenly drops to zero, even though the 
condition of the engine continues to operate at high speed 
(1000RPM). 
Figure 16 Fuel anomaly indicated in red circle 
Such conditions, in the labeling process will be given anomaly 
label at 20.00 to 24.00, as illustrated in Table 6.  
TABLE 6 PART OF LABELLING TABLE RELATED WITH  
Hour L1 L2 L3 L4 L5 LSys 
... 
19 1 1 1 1 1 1 
20 0 1 1 1 1 0 
21 0 1 1 1 1 0 
22 0 1 1 1 1 0 
23 0 1 1 1 1 0 
24 0 1 1 1 1 0 
... 
E. Training Process and Evaluation
1. Training with all parameter
In the first test, training was carried out without 
considering the process of selecting parameter features. In this 
test, all parameters are processed using the same method, 
namely Naive Bayes and Logistics Regression.  
TABLE 7 TEST RESULT OF ANOMALY DETECTION SYSTEM 
BUILT USING ALL FEATURES FROM TELEMETRY DATA
Parameter Naive 
Bayes 
(Gaussian) 
Logistic 
Regression 
Accuracy Score 0.828 0.931 
Recall Score 0.633 0.838 
Precision Score 0.694 0.915 
F1 Score 0.653 0.870 
The results of testing with this first method are shown in 
Table 7. 
2. Training with selected features only (Pearson
correlation > 0.2)
Based on the results of the selection of parameter features, 
the dataset for the training set with the Naive Bayes algorithm 
is shown in Table 8.  
TABLE 8 TEST RESULT OF ANOMALY DETECTION SYSTEM, 
USING FEATURE WITH PEARSON CORRELATION COEFF >  0.2
Parameter Naive 
Bayes 
Logistic 
Regression 
Accuracy Score 0.818 0.823 
Recall Score 0.573 0.598 
Precision Score 0.656 0.677 
F1 Score 0.585 0.6158 
3. Training with feature selection (Pearson correlation>
0.2) and categorical data.
Based on the results of the parameter feature selection 
process, the dataset for training sets is shown in Table 9.  
Parameter Naive 
Bayes 
Logistic 
Regression 
Accuracy Score 0.92 0.9635 
Recall Score 0.77 0.9112 
Precision Score 0.93 0.9527 
F1 Score 0.83 0.9303 
F. Testing with vessel data
After a theoretical evaluation with training data, then
testing with ship data outside the training data is carried out. 
TABLE 9 TEST RESULT
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For the record, the data displayed in this paper is limited to 
comparison only RPM data and fuel consumption rate. 
Case 1:  RPM sensor failure 
On May 19, 2019, there was an event where Main Engine 
# 1 was treated as follows: 
• At 12:00 a.m. it is turned on at medium speed (500
RPM), 
• at 01:00 AM, engine rises to high speed, 1000 RPM.
• at 02:00 AM is lowered again to 500 RPM.
• This condition continues until 10:00 AM.
Under these conditions, a constant and stable ME # 1 
flowmeter is obtained. With these conditions, experts in 
charge of providing an indication that there is a disturbance 
in reading the engine speed sensor. The next action was at 10 
o'clock in the morning, the ship was stopped temporarily and 
examined and problems were encountered with the RPM 
sensor.  
Figure 17 Data reading indicating RPMs sensors failure. 
The reading of the fuel detection system shown in 17 
gives the following results: 
• With Naive Bayes, it was found that the disturbance
reading began at 7:30 a.m., just before the engine was turned 
off. 
• With logistic regression, the disturbance has been
detected since the early hours and only stops when the engine 
is turned off. 
Figure 18 Detection result May 19th.  Result with value ‘0’ 
indicating normal condition and result ‘1’ indicates anomaly or 
abnormality.  
Case 2: Flowmeter continuous failure 
On May 7, 2019, according to Figure 20 Data Vessel A 
showing symptoms of flowmeter failure, there was an 
incident where the flowmeter reading was unnatural from 
3:27 a.m. in the morning. The FUEL consumption rate ratio 
is not in accordance with the existing RPM. This happened 
until late afternoon when the ship was stopped. 
The results of the inspection provide information on the 
flowmeter ME # 1.   
Figure 19 Data indicating intermittent continuous failure of sensors 
reading in ME#1 
When entered into the detection system, the results are 
shown in Figure 21. 
Figure 20 Anomaly detection result of data from May 7, 2019 
Explanations of the results of detection are as follows: 
• Naive Bayes detects anomaly from 3.27 in the
morning, considered normal and in the next 2
hours, only declaring the system normal until the
engine was turned off in the afternoon.
• Logistic regression detects interference since 1
pm, returns to normal at 3:27, and detects
irregularities until the engine is turned off in the
afternoon.
V. CONCLUSION
Based on the results of the study that has been done, its 
concluded that data from M2M-based VMS telemetry can 
be used to detect anomaly of vessel fuel consumption. 
Using selected data samples, processing all parameters 
from VMS as machine learning features, gives 82% 
accuracy results for anomaly detection with Gaussian 
Naive Bayes method, and 83% with logistic regression 
method. After selection of significant parameters (with 
Pearson Correlations above 0.2), detection system gives 
83% accuracy results with Naive Bayes, and 93% with 
logistic regression. 
After converting features data into categorical data, the 
anomaly detection give 92% accuracy with Naive Bayes 
and of 96% accuracy with logistic regression method.  
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While anomaly detection result with selected data already 
above 80%, detection result for real-time data are still 
need further improvement before real world 
implementation.  
ACKNOWLEDGMENT 
The authors would like to sincerely acknowledge 
Universitas Indonesia as this work has been supported by the 
DRPM UI Research grant for PIT 9 2019 Program.   
REFERENCES 
[1] J. Arnold Jr. and G. Panagakos, “SHIPCOST. Vessel and voyage 
costing model,” Mar. Technol., vol. 28, no. 1, 1991.
[2] Elizabeth Stratiotis, “Fuel Costs in Ocean Shipping - More Than 
Shipping,” 2018. [Online]. Available: 
https://www.morethanshipping.com/fuel-costs-ocean-shipping/. 
[Accessed: 22-Jun-2019]. 
[3] Stuart Bradley, “Targeting a 30% improvement in fuel efficiency 
for Marine vessels,” ETI Insights report, 2017. 
[4] R. Riyandani, “Pencurian Minyak di Indonesia: Modus, 
Persebaran, Dampak, Aktor dan Penyebab,” Lincolin Arsyad, vol. 
3, no. 2, 2017. 
[5] K. Chelminski, "Fossil Fuel Subsidy Reform in Indonesia." in 
The politics of fossil fuel subsidies and their reform, Cambridge 
University Press, p. 193-211, 2018.  
[6] P. Lewis,  Growing apart: Oil, politics, and economic change in 
Indonesia and Nigeria. University of Michigan Press, 2009.. 
[7] Akhmad, Akhmad, and Amir Amir. "Study of fuel oil supply and 
consumption in Indonesia." International Journal of Energy 
Economics and Policy 8, no. 4, pp. 13-20, 2018. 
[8] “Mulai 2019, Pelayaran Nasional Wajib Laporkan Konsumsi 
BBM Kapal | Jurnal Maritim.” [Online]. Available: 
https://jurnalmaritim.com/mulai-2019-pelayaran-nasional-wajib-
laporkan-konsumsi-bbm-kapal/. [Accessed: 25-Jun-2019]. 
[9] A. S. Pramirvan Datu Aprillatu, “Kencing minyak tengah laut | 
merdeka.com.” [Online]. Available: 
https://www.merdeka.com/khas/kencing-minyak-tengah-laut-
minyak-selundupan-1.html. [Accessed: 28-Jun-2019]. 
[10] M. Smith, “Anomaly Detection in Vessel Track Data,”  PhD 
diss., Oxford University, UK, 2014.
[11] K.-K. Kee, B.-Y. Lau Simon, and K.-H. Yong Renco, “Prediction 
of Ship Fuel Consumption and Speed Curve by Using Statistical 
Method,” J. Comput. Sci. Comput. Math., vol. 8, no. 2, pp. 19–
24, 2018. 
[12] M. Chaal, “Ship operational performance modelling for voyage 
optimization through fuel consumption minimization,” 
dissertation, World Maritime University, Sweden, 2018. 
Proc. EECSI 2019 - Bandung, Indonesia, 18-20 Sept 2019
135
